The suspended particulate matter (SPM) in Changjiang Estuary is characterized by a high concentration of significant diurnal dynamics. With a higher temporal resolution (eight images obtained per day), Geostationary Ocean Color Imager (GOCI) was selected as the primary remote sensor for the dynamics monitoring in this paper, instead of other satellite sensor working in polar orbit. Based on the characteristics of the field spectra measured in the estuary, an empirical model was established with the band ratio of R rs 745 divided by R rs 490 and proven effective in Suspended Particulate Matter (SPM) estimation (R 2 = 0.9376, RMSE = 89.32 mg/L). While, Validation results showed that the model performed better in coastal turbid waters than offshore clear waters with higher chlorophyll-a concentration, stressing the importance of partitioning SPM into its major components and doing separate analysis. The hourly observations from GOCI showed that the diurnal variation magnitudes exhibited clear regional characteristics, with a maximum in the turbidity belt near the mouth and a minimum in the offshore deeper areas. In addition, comparing the monthly averaged SPM distribution with the amount of sediment discharged into the estuary, the variation in estuarine turbidity maximum zone is more likely contributed by the sediments resuspended from the sea bed that has already accumulated in the estuarine delta.
Introduction
Suspended particulate matter (SPM) is a dominant constituent of coastal case-2 water, and it is an important parameter for coastal aquatic ecosystem by increasing water turbidity, reducing the euphotic zone depth and thereafter limiting ocean primary production [1, 2] . In offshore waters, suspended particles are mostly organic (POM): phytoplankton and biomass debris, but inorganic materials (PIM) such as silt, clay and sand, are the dominant component in inshore waters [3, 4] . Moreover, sediment particles are good carriers for nutrients and pollutants, so SPM plays a key role in coastal biogeochemical processes [5] . Researches on SPM distribution characteristics in the estuary areas are conducive to estimating the impacts of terrestrial inputs and human activities on the offshore water environment. Before satellite sensors were used in ocean environment monitoring, properties of seawater were usually determined by samples collected during cruises, which cost much more time and money [6, 7] . In contrast, satellite sensors can take down the biological optical properties of seawater at a high temporal and spatial resolution, from which we can obtain the variation features of SPM concentration [8] [9] [10] [11] . Lahet and Stramski [12] proposed to use the optical properties acquired from MODIS images to extract the turbid plume from surrounding water masses Table 1 . SPM retrieval models that can applied in GOCI with alternative bands. Equations are listed as they were published in the reference papers, where R rs (λ) is the remote sensing reflectance at the wavelength of λ nm. R 2 is the determinate coefficient of calibrated model. Changjiang Estuary is known with massive sediment discharge from Yangtze River, and affected by resuspension of bottom sediments and anthropogenic activities such as agriculture and sewage discharge, contributing to heterogeneous optical properties. Thus, a refined model is needed to obtain accurate values of SPM concentration from satellite data. In this study, we established an empirical relationship between R rs and SPM concentration collected during four cruises, which can be expanded into GOCI data for dynamics monitoring. For the complex optical property in coastal waters, the other objective was to find a proper atmospheric correction algorithm for GOCI images. Based on the proper atmospheric correction algorithm and the applicable model for the study area, we try to extract diurnal 
Dataset and Methods

Study Area
The sample area is mainly concentrated in the Yangtze River estuary, Hangzhou Bay and its adjacent sea areas, locating at western of the East China Sea (ECS) (Figure 1 ). The ECS is one of the three marginal seas in China, with approximately 486 million tons of sediments input from the Yangtze River, Qiantang River, and other small rivers annually. The Yangtze River Sediment Bulletins showed that the average annual runoff and sediment discharge from the Yangtze River reach 9.04 × 10 11 m 3 and 1.307 × 10 8 ton between 2010 and 2016. Comparing to the data survived by Milliman and Syvitski in 1992 [29] , the mass of 4.8 × 10 8 tons sediment was decreased largely in the last two decades due to the Three Gorge Dam [30, 31] , among which 2~5 × 10 6 tons were organic matter [32] . In addition, there is about a volume of 42 km 3 diluted water was poured into the ECS and the annual sediment discharge can reach 7.9 × 10 6 ton together with other small branches [33] . Such large quantities of river water, terrestrial sediments, and associated chemical species like nutrients and pollutants delivered into the Changjiang Estuary have substantial impacts on the biogeochemistry cycle of this region. 
Dataset and Methods
Study Area
Introduction of Dataset
Four types of data were used in this study. These included GOCI daily data in 2016, in-situ remote sensing reflectance (Rrs) and SPM measurements, surface runoff and sediment discharge observations from Datong hydrographic station, and remotely sensed winds.
Field Spectral and SPM Collection
Four cruise surveys were conducted in March 2016, July 2016, August 2017 and July 2018 in the ECS, from which the SPM concentration, and Rrs were collected (Table 2 ). According to the ocean color protocol [34] , Hyper-spectral reflectance of water surface was recorded by different instruments in the four cruises. During the March 2016 cruise spectral measurements were carried out by the Satlantic, Inc.'s Hyperspectral Surface Acquisition System (HyperSAS) operating in 349-858 nm. The radiance sensor has two optic probes so that it can be pointed to the sea and sky to 
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Field Spectral and SPM Collection
Four cruise surveys were conducted in March 2016, July 2016, August 2017 and July 2018 in the ECS, from which the SPM concentration, and R rs were collected (Table 2 ). According to the ocean color protocol [34] , Hyper-spectral reflectance of water surface was recorded by different instruments in the four cruises. During the March 2016 cruise spectral measurements were carried out by the Satlantic, Inc.'s Hyperspectral Surface Acquisition System (HyperSAS) operating in 349-858 nm. The radiance sensor has two optic probes so that it can be pointed to the sea and sky to acquire spectrum at the same time. The nadir and zenith angles were kept the same, generally between 30 • and 50 • , which can effectively avoid the shadow of the ship on the water surface and the influence of direct solar radiation. And the other three cruises in July 2016, August 2017 and July 2018 were collected by an ASD Fieldspec HandHeld 2 with a spectral range from 325 to 1075 nm. Every station we collected radiance of water surface and a standard reflecting plate as well as skylight in three times with the zenith and azimuth angles at 40 • and 135 • . As integration time of ASD was chosen according to the intensity of radiance received by the detector, so we should do optimization before local measurement. Fifteen curves for each target and two duplicates for each station were recorded. Then the water remote sensing reflectance (R rs ) was derived from in situ measurement as:
where L t , L sky , L P represents the radiance signal values captured for water surface, skylight and standard plaque separately. r refers to the air-sea interface reflectance, depending on sky radiance, solar zenith angle, wind speed and the instrument's viewing angle. Based on Mobley's earlier research [35] and the measuring environment during cruises, r was set to 0.025 for homogeneous sky conditions and less than 5 m/s wind speed. ρ P stands for the reflectance of the standard plate, which was calibrated to 99.99% before the cruises. The turbidity of the study area was quite high so that the bottom scattering in the measurement of water surface reflectance could be neglected. Simultaneously with the filed water leaving reflectance measurements, sufficient samples of surface water (depth fixed at about 1.5 m) were collected to estimate the concentration of suspended particle material gravimetrically. The method was outlined in Strick and Parsons (1972) [36] . For the convenience of storing, all samples were filtered on boat with pre-weighed 0.45-µm cellulose acetate filters or Whatman GF/F filters. It should be mentioned that the salinity of sea water is always high and all filtered filters need to be rinsed with 20 mL distilled deionized water three times before placing in plastic petri dishes. All filters were frozen and stored in below −20°C freezer until laboratory procedures. The filters were dried in an oven at 75°C for about 2-3 days and then placed in a drier for 4-5 h to cool to the room temperature. The dry weights of the filters were measured repeatedly with an electronic analytic scale until the difference of two successive SPM concentration measured was within 0.01 mg/L. Table 2 shows statistical descriptions of all the in situ data collected in four cruises. [22] . About three hundred of GOCI level-2C Rayleigh corrected reflectance data were acquired from the Korea Ocean satellite center (KOSC: http://kosc.kiost.ac.kr/eng/) throughout 2016, including nine days (1, 15, 16, 19 March and 4, 5, 6, 7 15 July 2016) corresponding to our cruises date. As the data was already Rayleigh scattering corrected, we just need to select the appropriate aerosol inversion model to remove the effects of aerosol scattering, which will be presented in Section 2.3.
Ancillary Data
Monthly Blended Sea Winds data in 2016 were downloaded from the remote sensing systems (http://www.remss.com/measurements/ccmp/). The cross-calibrated multi-platform (CCMP) gridded surface vector winds are produced using satellite, moored buoy, and model wind data, and as such, are considered to be a Level-3 ocean vector wind analysis product [37] . These data have a spatial resolution of 0.25 • × 0.25 • (~27.5 km at the equator) and a temporal resolution of 6 h. The data covering the study region were extracted and resampled to match the GOCI resolution (500 m).
Surface runoff and sediment flux data were collected at Datong station (the hydrological station of the Yangtze River closest to the river mouth), representing the total materials discharged from the Yangtze River to the estuary. Monthly hydrological data in 2016 were obtained from the Changjiang Sediment Bulletins (http://www.cjh.com.cn).
Previous research has shown that the concentration of ozone affects its absorption capacity at visible bands, especially in the green. For the purpose of removing the effect of atmosphere exactly, daily ozone concentration data corresponding to the GOCI images derived from TOMS-like instrument was also collected from NASA Ocean Color website in this study.
Aerosol Scattering Correction
At satellite altitude, apart from the radiance contributed by the atmospheric molecules Rayleigh scattering, aerosol scattering, sea surface reflectance, the water-leaving radiance received by the satellite sensors is only about 5-10 percent [38] . A statistical study showed that researchers should keep the accuracy around 0.1% on atmosphere correction to process nLw within 5% [39] of error. So atmosphere correction becomes a key process for quantitative analysis on satellite ocean color productions. At present, the atmospheric correction algorithm for open ocean clean waters has been widely validated and recognized, like currently implemented by the NASA Ocean Biology Processing Group (OBPG) for derive ocean color data from SeaWiFS, MODIS and VIIRS sensors. However, the turbid coastal areas, featured by significant spatial and temporal variation, are difficult to extract spectral characteristics.
The developed atmospheric correction algorithms for costal turbid areas are mostly based on the assumption that the reflectance of water in the short-wave infrared (SWIR) region is expected to close to zero, which is also valid in turbid waters [40] . However, there are no SWIR bands configured on the GOCI, whose maximum band is 865 nm. So here two algorithms with no SWIR bands used for aerosol scattering correction for turbid waters have been presented and compared, to find an appropriate algorithm for the study area. One is the standard algorithm integrated in the GOCI Data Processing System (GDPS:version 1.4). This algorithm is constructed by assuming that the strong relationship between satellite-derived ocean reflectance at red and NIR bands in the turbid coastal waters is dominantly varied with the concentration of inorganic suspended particulates [41] . Another is proposed by He [42] to apply in SeaWiFS imagery for coastal turbid waters with the assumption that the water-leaving radiance at ultraviolet wavelengths could be neglected compared with longer wavelengths. As the in situ measured spectrum show in Figure 2 , the remote sensing reflectance at 865 nm band will surpass its results at 412 nm band when the concentration of SPM is larger than 100 mg/L. The performance of this algorithm has been validated in current ocean color sensors [42] and other costal turbid waters [43] , and the details of the application in GOCI images can be found in his latter researches [18, 42] . As GOCI doesn't have ultraviolet either, we use 412 nm band to be a substitution. The comparative analysis of the R rs data derived from the two methods showed that the UV-AC performed better in our study area. All GOCI-level 2C data were subsequently processed with the UV-AC algorithm. It's worth noticing that solar zenith angles used in this study were obtained base on the general solar position calculation algorithms contributed by NOAA. Comparing with generating solar geometries from the level-1B files [19] ; it could significantly reduce time cost and simplify the processing procedure. 
Regional Tuning Model for GOCI in the Changjiang Estuary
There have been many models developed to estimate SPM concentration including empirical, semianalytical and physical with the development of satellite sensors, among which some were listed in Table 1 . Except for the empirical models, a semianalytical model developed for Changjiang river estuary by Chenjun et al. [26] was also calibrated to estimate its accuracy. These algorithms can be divided into four categories, empirical model with single band (EM-SB), and empirical model with band ratios (EM-BR), empirical model with multi-bands (EM-MB), and semianalytical model (SAM). It should be noted that areas with different SPM composition (organic dominated or mineral dominated), particle size distribution, density and sensors, usually have particular sensitive bands and formula. As a result, the primary goal of the study is to establish an appropriate model on the basis of the field measured datasets that can be expanded to GOCI satellite data to estimate SPM concentration in the Changjiang Estuary.
The field dataset collected during first three cruises were sorted by SPM concentration, and one sample would be picked out every five samples to validate model accuracy. Then, we got 48 and 12 samples separately to compose the calibration dataset and the first validation dataset. The dataset acquired in July 2018 was used to further validate the performance of the optimal model.
Given the strong correlation between reflectance at the NIR band and SPM concentration, as shown in Figure 2b , the EM-SB model created in this paper is using the NIR band (745 nm), and explaining 65.4% of the SPM variation (Figure 3a) . Nevertheless, samples with extremely high SPM concentration spread out around the fitting curve, contributing to the high root mean square error (RMSE) and the mean absolute relative error (MARE) (RMSE = 205.795 mg/L, MARE = 113.02%). 
GOCI Processing
About 288 GOCI images were acquired during the year 2016 to analysis the variation of SPM concentration distribution characteristics in the Changjiang Estuary. All images were processed in the following steps:
(1) Images with less cloud covering were selected by the browsing images included in every image zip file. (2) Using GDPS batch processing tool, all images were converted a to the Environment for Visualizing Images (ENVI) format to carry out following steps with some scripts in IDL (interface description language), which specializes in satellite data processing. (3) Making a binary mask to remove land areas and patches contaminated by clouds. The land mask keeps the same for the fixed scan area of GOCI and can be downloaded on the website, but the cloud cover was always different from each other. Here it was derived from its unsupervised classification results. (4) Using the proper atmospheric correction method to obtain satellite-derived R rs from GOCI images. It's worth noticing that solar zenith angles used in computing the transmissivity were obtained base on the general solar position calculation algorithms contributed by NOAA. In addition, to get matching pairs for subsequent validation, in situ data collected during the three cruises were used to match with the GOCI images in the seven bands (412, 443, 490, 555, 660, 680, 745 nm). The original level 1B data used in the study needs atmosphere correction to derive remote sensing reflectance. Because of the heavy cloud cover and frequent variation in the study area, we set two criteria: (1) matched with cloud-free images with a time interval less than 1 h; (2) satellite remote sensing reflectance were extracted from a window size of 3 × 3 pixels centered at the location of the in situ sample, and only the valid pixels in the window is more than 4 can be counted. As in-situ spectral samples can only be measured during 9:00 a.m.-15:00 p.m. and clear skies, the in-situ spectral samples is far fewer than SPM samples, and there are 14 spectral samples and 28 SPM samples were picked out of the all 173 samples.
Application of the GOCI Spectral Response Function for Field Spectral
The in-situ spectral samples need to be convoluted with the GOCI spectral response functions to get the equivalent reflectance at the central wavelengths of GOCI using Equation (2) prior to further analysis in model development and validation [44] :
where λ i and λ j represents the start and end wavelengths for every band (λ n ). F 0 (λ) is the solar irradiance. S n (λ) is the relative spectral response function at band n and it is always different with sensors.
Statistical Criteria for Model Evaluation
The accuracy evaluation in the study were conducted by comparing satellite-derived and in situ measurements with three parameters including root mean square error (RMSE), the Correlation Coefficient (r) and the mean absolute relative error (MARE), which are computed as following equations:
where n refers to the number of samples, x i is the satellite-derived result and y i is the corresponding values measured in situ.
Results
Spectrum Characteristic Analysis
Figure 2a shows field measured spectral reflectance curves for different SPM concentrations. Similar to other coastal case-2 waters [10, 25] , the R rs is highly variable with different range of SPM concentration over the visible and near-infrared spectral regions in the study area. It is obvious that the magnitude of the reflectance increases with the increment of SPM concentration. And R rs in different wavelength intervals shows respective characteristics. Obviously, R rs in 350-490 nm increases slowly with wavelength and few changes appear with the variation of SPM concentration. In comparison, there are more spectral features found in the longer wavelength (>490 nm). First of all, the location of the break point in green region (490-570 nm) appears to move to longer wavelength with the increment of SPM concentration. Secondly, when the SPM concentration is larger than 100 g/m 3 , there is another peak in near-infrared range (~810 nm) whose magnitude increases distinctly with SPM concentration. Comparing with the sampling map, samples with SPM larger than 100 mg/L usually located in mineral dominated coastal waters, while samples below 100 mg/L mostly located in organic dominated offshore waters. So it is probably the result of a higher backscattering by mineral suspended particles than organic matters like phytoplankton and biomass detritus. Finally, in extremely turbid waters (SPM > 385 g/m 3 ), and the reflectance spectrum presents a broad peak between 590 nm and 710 nm and the distinct peak at~810 nm can reach the same magnitude. The broad peak was mainly contributed by the same magnitude of backscattering coefficient and absorption coefficient at red band in global [25] . It's interesting that the spectrum with SPM~29.64 mg/L showed the same downward trend in red and NIR regions (>620 nm), but the magnitude is nearly get to the level of SPM~111.28 mg/L at 740-780 nm. The observation presents the complex inherent optical properties of the offshore waters (SPM < 35 mg/) with uncertain concentration of organic matter, phytoplankton and mineral mass to some degree.
The correlation coefficient (r) calculated by wavelength within the spectral range of GOCI (Figure 2b ) appears that the reflectance at longer bands (red and NIR) is more sensitive to SPM concentration (black line). For instance, the linear correlation coefficient r increases from 0.249 at 490 nm to 0.771 at 745 nm. This observation is mostly caused by the higher contribution of backscattering coefficient on the reflectance with the increment of wavelength. However, there is no obvious correspondence in slightly turbid waters, with a best result at~490 nm (r = −0.3). The negative correlations in Figure 2b below about 550 nm in the two groups (SPM above or below 35 mg/L) indicate increasing mineral affect and decreasing organic effect in the organic dominated shorter wavelengths.
Regional Tuning Model for GOCI in the Changjiang Estuary
The field dataset collected during first three cruises were sorted by SPM concentration, and one sample would be picked out every five samples to validate model accuracy. Then, we got 48 and 12 samples separately to compose the calibration dataset and the first validation dataset. The dataset acquired in July 2018 was used to further validate the performance of the optimal model. Given the strong correlation between reflectance at the NIR band and SPM concentration, as shown in Figure 2b , the EM-SB model created in this paper is using the NIR band (745 nm), and explaining 65.4% of the SPM variation (Figure 3a) . Nevertheless, samples with extremely high SPM concentration spread out around the fitting curve, contributing to the high root mean square error (RMSE) and the mean absolute relative error (MARE) (RMSE = 205.795 mg/L, MARE = 113.02%). The poor performance for high SPM concentrations and over estimation for low SPM concentrations indicate that single band cannot describe the relationship between reflectance and SPM concentration exactly. Shown as Figure 2b , samples with low and high SPM concentration have two different sensitive bands, 490 nm and 745 nm. We applied the two bands to develop an optimal algorithm for the study area. The variables used in the algorithms were basically classified into four combinations: difference of the two bands (Rrs4745 − Rrs490), sediment index (Rrs745 − Rrs490)/(Rrs745 + Rrs490), band ratio (Rrs745/Rrs490), and log ratio (log (Rrs745)/log (Rrs490)). The results were presented in Figure 4 . with the SPM concentrations presented in logarithmic scale to exhibit their capability in different SPM ranges. Although the R 2 and RMSE of the four algorithms seemed good, samples with medium and low SPM concentration (the blue and purple marks in black ellipses) were misestimated and far away from several fitting curves, except for the algorithm generated as Equation (6) 
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Models with red and green bands were also recalibrated and presented in Figure 3b , with a similar problem that serious underestimation for lower SPM concentration (SPM < 100 mg/L). In comparison, theses algorithms are more sensitive for highly turbid samples.
The EM-MB models proposed by Zhang et al. [11] and Siswanto et al. [24] were based on the feature that the green band (555 nm) is sensitive to the SPM variation in slightly and moderately turbid waters, while the red band is sensitive to those in highly and extremely turbid waters. The calibration result (seeing Figure 3c ) showed that this model isn't applicable over the whole SPM range, with the tendency that overestimation in moderately turbid waters and underestimation in extremely turbid waters. By contrast, the SAM model constructed by Chen et al. [26] performed fairly well in SPM estimation (R 2 = 0.8891, RMSE = 119.1 mg/L). However, there are still limitations in slightly and moderately turbid waters (Figure 3d ), explaining the high MARE value of about 261.15%. A higher MARE value of 472.18% in samples with lower SPM concentration verified the fact that the model was established for high SPM values ranging from 100 to 1000 mg/L originally. The EM-MB models proposed by Zhang et al. [11] and Siswanto et al. [24] were based on the feature that the green band (555 nm) is sensitive to the SPM variation in slightly and moderately turbid waters, while the red band is sensitive to those in highly and extremely turbid waters. The calibration result (seeing Figure 3c ) showed that this model isn't applicable over the whole SPM range, with the tendency that overestimation in moderately turbid waters and underestimation in extremely turbid waters. By contrast, the SAM model constructed by Chen et al. [26] performed fairly well in SPM estimation (R 2 = 0.8891, RMSE = 119.1 mg/L). However, there are still limitations in slightly and moderately turbid waters (Figure 3d) , explaining the high MARE value of about 261.15%. A higher MARE value of 472.18% in samples with lower SPM concentration verified the fact that the model was established for high SPM values ranging from 100 to 1000 mg/L originally.
Model Validation
To further approve the applicability of the optimal algorithm used in this manuscript to estimate SPM concentration, we evaluated the performance using the two field validation datasets described in Table 2 . The SPM concentration in the first validation dataset varied from 10 to 812.7 mg/L, felling into the range of calibration dataset. Significant differences were found among the comparisons of the measured and model-derived SPM concentrations (Figure 5a ). The EM-MB model seems to be unsuitable for high SPM values, but adaptive for low SPM values with the maximum RMSE (213.12 mg/L) and a relatively lower MARE (75.5%). On the contrary, the SAM model gives the maximum MARE (148.73%) by overestimating in low SPM areas. The optimal model proposed in the study performed best with the minimum RMSE (100.16 mg/L) and MARE (41.4%). 
To further approve the applicability of the optimal algorithm used in this manuscript to estimate SPM concentration, we evaluated the performance using the two field validation datasets described in Table 2 . The SPM concentration in the first validation dataset varied from 10 to 812.7 mg/L, felling into the range of calibration dataset. Significant differences were found among the comparisons of the measured and model-derived SPM concentrations (Figure 5a ). The EM-MB model seems to be unsuitable for high SPM values, but adaptive for low SPM values with the maximum RMSE (213.12 mg/L) and a relatively lower MARE (75.5%). On the contrary, the SAM model gives the maximum MARE (148.73%) by overestimating in low SPM areas. The optimal model proposed in the study performed best with the minimum RMSE (100.16 mg/L) and MARE (41.4%).
The second validation dataset here was used to confirm the accuracy of the optimal model in areas with lower SPM concentration, whose components varies obviously with seasons. As presented in Figure 5b , samples in this dataset usually had a higher chlorophyll a concentration. It's obvious that the model in slightly turbid waters cannot perform as well as in the turbid waters, especially with phytoplankton blooms. Although the overestimation in low SPM area is serious, the model is still promising in capturing the features of SPM diffusion after pouring into the sea from the estuary.
We also used the pixels extracted from the GOCI images for the same geographical locations with in situ SPM sampling stations to validate the stability and accuracy of the model. Figure 5c shows the performance of the model in estimating SPM concentration in the Changjiang Estuary. We found that the model-derived SPM concentration has a good correlation with field measured SPM concentration, with the corresponding RMSE and MARE of 27.04 mg/L and 32.17%, respectively. The second validation dataset here was used to confirm the accuracy of the optimal model in areas with lower SPM concentration, whose components varies obviously with seasons. As presented in Figure 5b , samples in this dataset usually had a higher chlorophyll a concentration. It's obvious that the model in slightly turbid waters cannot perform as well as in the turbid waters, especially with phytoplankton blooms. Although the overestimation in low SPM area is serious, the model is still promising in capturing the features of SPM diffusion after pouring into the sea from the estuary.
We also used the pixels extracted from the GOCI images for the same geographical locations with in situ SPM sampling stations to validate the stability and accuracy of the model. Figure 5c shows the performance of the model in estimating SPM concentration in the Changjiang Estuary. We found that the model-derived SPM concentration has a good correlation with field measured SPM concentration, with the corresponding RMSE and MARE of 27.04 mg/L and 32.17%, respectively.
Application to GOCI Images
Atmospheric Correction
Although we have conducted three cruises to collect field data, only five days of GOCI images were chosen to validate the results of the two atmosphere correction algorithms mentioned above, with less cloud cover and matched the in-situ spectral samples. As the duration between satellite overpassing timing and measurement increases, the mismatch between the in situ and satellite 
Application to GOCI Images
Atmospheric Correction
Although we have conducted three cruises to collect field data, only five days of GOCI images were chosen to validate the results of the two atmosphere correction algorithms mentioned above, with less cloud cover and matched the in-situ spectral samples. As the duration between satellite overpassing timing and measurement increases, the mismatch between the in situ and satellite derived SPM also increases depending on the spatial variability and water dynamics influenced by ocean currents and wind [25] . To account for the source of error of R rs due to time difference between satellite image acquisition and in situ measurement, we calculated the average R rs for a 3 × 3 pixels window. The 15 matching pairs within a 1-h time interval were picked out to compute the accuracy assessment factors mentioned in Section 2.6. The results in Table 3 show that the UV-AC algorithm presents a better performance in the study area with lower RMSE, MARE and higher correlation coefficient. And the UV-AC algorithm was used in later processing of GOCI images. 
Diurnal Variation of SPM Mapped by GOCI
Based on the satellite R rs derived by atmospheric correction and the regional SPM retrieval model, we obtained eight hourly maps of the SPM concentration in the Changjiang Estuary, provided by less cloud contaminated GOCI data on 16 March 2016 ( Figure 6 ). Here we divide the SPM concentration into four levels, which shows the turbid plume is predominately centered in front of the river mouth. When the diluted water flows through the delta, the SPM concentration has an apparent decline in all directions for the deposition with the decrease of the current speed and funnel topography (Figure 1b) . 
Monthly Variation of SPM Mapped by GOCI
The SPM retrieval model was applied to the 288 selected GOCI images throughout 2016, from which the monthly mean and monthly climatology SPM products were generated. Figure 7 shows the monthly SPM distribution in 2016. The highest SPM concentration locates near the mouth of the river. There are significant spatial gradients observed on the classification maps of each Meanwhile, the second level of the SPM concentration (30 < SPM < 100 mg/L) almost spreads out through the shallow waters (depth < 40 m) and corresponds well with the topography. Given the hourly observation by GOCI, the diurnal variation of SPM concentration in the estuary is evident. The horizontal distribution of the moderate SPM concentration seems to be unchangeable during the eight hours, whereas the turbid plume varies in extent and magnitude. The magnitudes of diurnal variations in the estuary vary with geographic locations, and the further quantitative analysis results can be found in latter analysis.
The SPM retrieval model was applied to the 288 selected GOCI images throughout 2016, from which the monthly mean and monthly climatology SPM products were generated. Figure 7 shows the monthly SPM distribution in 2016. The highest SPM concentration locates near the mouth of the river. There are significant spatial gradients observed on the classification maps of each climatological month, as well as the clear seasonality. In general, the monthly maps of SPM concentration exhibit a similar trend in horizontal distribution, that the concentration decreases from >100 mg/L in nearshore waters to <30 mg/L in offshore waters. It's interesting that the substantial sediment plume in the northern part of the study area is extending southeastward from Jiangsu coast to the Changjiang Estuary in winter, but vanishes in summer. The distribution of the sediment plume is consistent with previous studies [45, 46] . As Dong et al. [47] reported, the dispersal of the sediment plume generated in the Yangtze Bank was restricted along the coast because of the frontal boundary between the Yellow Sea Cold Water Mass and the coastal water along the Jiangsu coast. According to the model results in Luo zhifa [48] , the The SPM concentration in the surface layer is high in winter (December, January and February) and spring (March, April and May), when the SPM contour of 30 mg/L can reach 35 m isobaths. Moreover, the highest value of the mean SPM concentration in the estuary is found in January, with maximum area of extremely turbid waters (SPM > 385 mg/L) around the delta, while the contour of 100 mg/L almost extends to 30 m isobaths. The axis of the turbid plume near the estuary extends southeastwards in winter. In contrast, the concentration of SPM is low in summer and the direction of the turbid plume deflects from southeast to northeast. The SPM contour of 30 mg/L is confined near the 25-m isobaths.
It's interesting that the substantial sediment plume in the northern part of the study area is extending southeastward from Jiangsu coast to the Changjiang Estuary in winter, but vanishes in summer. The distribution of the sediment plume is consistent with previous studies [45, 46] . As Dong et al. [47] reported, the dispersal of the sediment plume generated in the Yangtze Bank was restricted along the coast because of the frontal boundary between the Yellow Sea Cold Water Mass and the coastal water along the Jiangsu coast. According to the model results in Luo zhifa [48] , the strong pycnocline caused by the thermocline and halocline in summer prevent the suspended sediment in the bottom diffusing to the surface layer.
Discussion
Factors for SPM Retrieval Accuracy
The accuracy of SPM estimation in satellite data is usually affected by two factors: the performance of the retrieval model constructed with the field data, and atmospheric correction of the satellite images. The data quality is critical in model construction. Röttgers et al. [49] conducted research on quantifying individual measurement uncertainty in SPM concentration. The results showed that salt retention and loss of filter material during washing and drying procedures were common among most of the samples. This error varied with salinity and would be significant at lower concentrations of SPM [49, 50] . As such, an experiment to calculate the error from salt retention in Changjiang Estuary is necessary in later researches.
The SPM concentration also plays an important role in retrieval accuracy. It is known that suspended materials contain organic and inorganic matters [3, 4] , whereas most research in coastal waters did not discriminate between the two. This was mainly due to the waters' mineral-dominated nature, including the area focused in this research. However, the proportion of inorganic matter (mineral particle) decreases from shelf to offshore waters, contributing to a decline in backscattering. So it will touch the barrier when estimates SPM concentration in clean offshore waters, as the samples with low SPM concentrations scattered around the fitting curve irregularly (Figures 4 and 5) . Moreover, the optical property is also affected by particle sizes in mineral-dominated waters [51] . Bower and Binding [3] found that the smaller sized inorganic sediments generally lead to a higher spectral reflectance. These problems will only be solved by a concerted effort at discriminating and measuring PIM and POM utilizing the recommendations of Stavn et al. [50] and Röttgers et al. [49] . Stavn and Richter [27] demonstrated the improvement in the northern Gulf of Mexico. Binding et al. [3] and Zhao et al. [4] conducted a successful estimation in mineral particle concentration.
Since about 90% of the signal captured by the sensor is reflected by atmosphere [38] , an atmospheric correction is also critical before using the model in processing satellite images. Here we compared two algorithms developed in turbid waters, and the results show that the algorithm based on the ultraviolet assumption is perform better. However, compared with the in-situ spectral samples (Figure 2a) , the reflectance at 412 nm will surpass the value at red and NIR bands, which may cause overestimation on aerosol scattering reflectance. Furthermore, uncertainty from the other assumption of the algorithm that the aerosol scattering reflectance in the area is flat, should to be considered later. Gordon and Wang [52] reported that the flat spectrum approximation for the aerosol may cause large extrapolation errors at short wavelengths.
Driving Forces on SPM Variation
For the diurnal variation, given the assumption that the fluvial discharge is unchanged during the day, tidal current is the main factor to be considered in the study. The Figure 6 displays SPM diurnal variation spatially only, from which we cannot distinguish the tidal-influenced area from perimeter zones. Here we analyzed the tidal force based on satellite images collected in nine days with less cloud contamination, almost one day per month in 2016.
Further quantitative analysis were conducted along two transects locating in the south and north channels of the Changjiang Estuary respectively (Figure 1b) , as shown in Figure 8 . The station C1 located near the bifurcation point of the North and South Branch of the estuary, where the influence of tide was relatively small [53] , its SPM concentration revealed the fluvial regime much more. In addition, the relatively stable level of SPM concentration from C1 to C4 implied a little diurnal variation of the sediment discharged into the sea. Downstream from C4, SPM concentrations in the inner estuary exhibited similar negative correlation with tidal elevation. The higher SPM concentration in the two transects is concentrated near the estuary, presenting different magnitudes and extents covaried with tidal flow, which also approves precious observations that the tidal current plays a significant role in the SPM variation [46, 47, 54] . The maximum SPM concentration usually appeared during the shift of tidal flow, which may aggregate the vertical mixture. Frequent coverage of the GOCI makes it possible to catch the features of SPM distribution in surface layer much more effectively. The minimum variation occurred in the offshore waters (starting from A4-1, A6-3 separately in two transects) seemed mostly due to the relatively deeper water depth and less sediment transportation. The influence of fluvial discharge on SPM variation is analyzed at monthly scale. The Changjiang River carries a large amount of sediments annually and discharges into the estuary and its adjacent waters, and produces various processes such as transportation, deposition and resuspension under the action of dynamics, which may be the major reason for the observed monthly and seasonal variations. Records shown in the Changjiang River sediment Bulletin in 2016 (presented in Figure 9a ), the amount of SPM inputted by the Changjiang River is much higher in the The influence of fluvial discharge on SPM variation is analyzed at monthly scale. The Changjiang River carries a large amount of sediments annually and discharges into the estuary and its adjacent waters, and produces various processes such as transportation, deposition and resuspension under the action of dynamics, which may be the major reason for the observed monthly and seasonal variations. Records shown in the Changjiang River sediment Bulletin in 2016 (presented in Figure 9a ), the amount of SPM inputted by the Changjiang River is much higher in the wet season with large discharge from April to August, than in the dry season with low discharge from September through March. The peaking loading rate, roughly 24.22% of the annual rate occurs in the month of July. The lowest loading rate, about 0.2% of the annual rate occurs in February. However, the lower average SPM concentration in offshore waters in wet season indicates that the discharged sediment was trapped in inshore waters and cannot directly influence the distribution of SPM out of the estuary. It is more likely the mixture of the recent discharged sediments from the Changjiang River and sediments resuspended from the sea bed that had already accumulated in the estuarine delta ( [55, 56] ). We took C1, C4, C8 and A6-3 as special samples to quantify the influences of wind and sediment discharge on SPM variation in different regions. C1 exhibited fluvial regime much more with a weak relation with wind speed (Figure 10 ). To the contrary, SPM in C4 and C8 covaried closely with wind speed for the correlation coefficients (r) of 75.23% and 50.98% respectively. While, the monthly averaged SPM concentration in A6-3 was generally much lower than the SPM concentration in the diluted water, which could due to the less sediment arrived with the far distance from the upstream. Without the respect of other factors, the higher SPM in the October found in A6-3 was mostly contributed by the wind induced mixing. Field surveys conducted by Bian et al. [57] showed that mixed layer depth of the East China Sea can arrive at 40 m in autumn and winter, making more turbid water mixed into the surface layer. However, the relation between wind and SPM concentration in A6-3 could be weakened by the stratification of the water column, corresponding to the weak relation during the summer. Moreover, wind is also an important factor to affect the surface SPM distribution by enhancing vertical mixing and bring bottom sediment upwards [57] . Based on the wind vectors obtained from the remote sensing system, we can see that wind speed in offshore regions was larger than the inner part of the estuary, and the speed increased seawards (Figure 9b ). The wind direction varied from the northwestern to the southwestern and then veered to the northeastern through the year. And the transport of the SPM carried by the costal current also seemed to transfer seasonally with wind direction, such as the southwards in the winter (December to February) and the northwards in the summer (June to August).
We took C1, C4, C8 and A6-3 as special samples to quantify the influences of wind and sediment discharge on SPM variation in different regions. C1 exhibited fluvial regime much more with a weak relation with wind speed (Figure 10 ). To the contrary, SPM in C4 and C8 covaried closely with wind speed for the correlation coefficients (r) of 75.23% and 50.98% respectively. While, the monthly averaged SPM concentration in A6-3 was generally much lower than the SPM concentration in the diluted water, which could due to the less sediment arrived with the far distance from the upstream. Without the respect of other factors, the higher SPM in the October found in A6-3 was mostly contributed by the wind induced mixing. Field surveys conducted by Bian et al. [57] showed that mixed layer depth of the East China Sea can arrive at 40 m in autumn and winter, making more turbid water mixed into the surface layer. However, the relation between wind and SPM concentration in A6-3 could be weakened by the stratification of the water column, corresponding to the weak relation during the summer. distance from the upstream. Without the respect of other factors, the higher SPM in the October found in A6-3 was mostly contributed by the wind induced mixing. Field surveys conducted by Bian et al. [57] showed that mixed layer depth of the East China Sea can arrive at 40 m in autumn and winter, making more turbid water mixed into the surface layer. However, the relation between wind and SPM concentration in A6-3 could be weakened by the stratification of the water column, corresponding to the weak relation during the summer. 
Conclusions
In this paper, we took the Changjiang Estuary as a sampling region to prove the ability of GOCI in coastal SPM monitoring. With the results derived from GOCI images, we carried out several analyses about the influence of tidal current, wind and sediment discharge on the distribution of SPM. Our findings are summarized as follows:
(1) The atmospheric correction algorithm (UV-AC) proposed by He et al. [42] has been further validated with field data measured in the East China Sea, showing its potential in coastal turbidity waters. On the basis of the UV-AC algorithm, the GOCI level 2C data that have been corrected with Rayleigh scattering can be used for other studies in monitoring oceanic dynamics after a simpler process. ( 2) The empirical model with variable of R rs 745/R rs 490 performed the best with whole range of SPM concentration. Comparison between the models estimated and the measured SPM shows that the modified model is of higher accuracy than other models for the application in the Changjiang Estuary. The validation results of two kinds of validation dataset, field measured and satellite-derived, indicated that the empirical algorithm calibrated in this paper can compute reliable SPM concentration for turbid coastal waters in the Changjiang Estuary. However, the algorithm gives a poor performance in offshore waters with lower SPM concentration (SPM < 35 mg/L), due to the increasing proportion of organic materials (biomass debris and phytoplankton) in suspended particle. (3) Comparing with the daily eight images served by GOCI, we found that tide is the main driver for the diurnal variation of SPM in the Changjiang Estuary. Especially, waters near the estuary respond well with tidal elevation. Due to the diversity of phase and swing, the variation of SPM concentration during the daytime is diverse. (4) The higher SPM concentration in dry seasons was more likely contributed by sediment resuspended from the sea bed for the less sediment discharged from the Changjiang River. Wind induced mixing also plays a key role in sediment resuspension to cause the increase of SPM concentration in surface layer.
Finally, there are still some aspects that need to be improved in the future study:
(1) It is necessary to partition SPM in future research. The weak relation between R rs and SPM concentration in slightly and moderately turbid waters could only be solved by separate feature analysis on PIM and POM. (2) The physical, geological, chemical and biological processes in the study area are so complex that
we need more data to analyze the mechanisms of SPM variation spatially and temporally. 
